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Introduction

• FCDS will be releasing AHCA comorbid condition data through 
DREAMS in the near future

• The combination of comorbid condition data and cancer data is 
extremely valuable for researchers

• Unfortunately, the process of using this dataset is inherently not 
very straightforward



Comorbid conditions
Very common
Most people being seen for 
cancer have other health 
problems as well. For example, 
one recent study found that 54-
76% of lung, prostate, breast, 
and colorectal cancer patients 
presented with at least one 
comorbid condition.1

Vary by primary site
Some conditions are more 
common for patients with 
certain primary sites than 
others. Patients with lung 
cancer might be more likely to 
have hypertension and chronic 
pulmonary disease, while 
patients with colorectal cancer 
might be more likely to have 
deficiency-related anemia or 
diabetes.

Major survival impact
Patients with more comorbid 
conditions at diagnosis 
generally have lower survival 
rates, with certain conditions 
being worse than others for a 
given primary site. Knowing 
which patients are at increased 
risk can help providers identify 
patients that require extra care 
and vigilance.



How are these conditions 
presented to our users?



As ICD-10 codes:

Patient ID Comorbid 1 Comorbid 2 Comorbid 3 Comorbid 4 Comorbid 5

P001 E11.9 I10 J45.909 M54.5 F41.1

P002 K21.9 N18.9 G47.00 E78.5 R51

P003 F32.9 M17.11 I25.10 E66.9 J30.9

P004 G20 H52.4 L40.0 R53.1 Z87.891

P005 D64.9 E03.9 I48.91 M81.0 K59.00

P006 J44.9 F33.1 N40.0 E10.9 M25.561



Comorbidity 
Indices

Group ICD codes into readable, meaningful values
• Common, often chronic conditions that can affect survival
• Create individual comorbid condition profiles for each patient
• Two main indices: Charlson Comorbidity Index and Elixhauser Index 
• Both have been adapted in several different ways over the years

Charlson Comorbidity Index (CCI)2

• Original comorbidity index (1980s)
• 19 conditions
• Widely-used
• Well-respected, but not the best in the field anymore

Elixhauser Index (EI)3

• (Relatively) newer index (1990s)
• Originally 29 conditions, as many as 38 in newer adaptations
• Not as widely used as CCI, but still pretty common
• Gold standard in the field, especially with more recent 

modifications



Patient ID
Congestive Heart 

Failure Hypertension Paralysis

Chronic 
Pulmonary 

Disease
Diabetes, 

uncomplicated
Diabetes, 

complicated Hypothyroidism …
Overall 

Weighted Score

P001 1 1 0 1 1 0 1 2.01

P002 0 1 0 0 1 1 0 3.04

P003 1 1 1 1 0 0 1 3.83

P004 0 1 0 0 1 0 0 4.12

P005 1 1 0 1 1 1 1 3.16

P006 0 1 0 0 0 0 1 4.38

Elixhauser Index Table



What can we do with 
these data?



Comparing the 
predictive ability of one 
index to another

Elixhauser vs Charlson
This was the example used in the 
monograph. We tested how well the 
scores produced by the CCI and two 
iterations of the EI predicted one-year 
mortality in breast cancer patients. All 
three were valuable predictive measures, 
but both versions of the EI had 
significantly higher predictive values. 



Identifying particularly hazardous conditions 
for patients with a given type of cancer



Using machine 
learning and AI to 
create new 
predictive models

• Various methods of machine learning can address issues 
not solved by these indices:

• Accounting for complex relationships between 
different comorbid conditions

• Can generate predictive models for any specific 
primary site

• This dataset is the perfect use-case for machine learning
• All binary variables

• A few papers have been published using machine 
learning on similar datasets, but this is essentially a new 
frontier



Questions?
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